Abstract Bud extracts, named also ''gemmoderivatives'', are a new category of natural products, obtained macerating meristematic fresh tissues of trees and plants. In the European Community these botanical remedies are classified as plant food supplements. Nowadays these products are still poorly studied, even if they are widely used and commercialized. Several analytical tools for the quality control of these very expensive supplements are urgently needed in order to avoid mislabelling and frauds. In fact, besides the usual quality controls common to the other botanical dietary supplements, these extracts should be checked in order to quickly detect if the cheaper adult parts of the plants are deceptively used in place of the corresponding buds whose harvest-period and production are extremely limited. This study aims to provide a screening analytical method based on UV-VIS-Fluorescence spectroscopy coupled to multivariate analysis for a rapid, inexpensive and non-destructive quality control of these products.
Introduction
Bud extracts are a new category of natural products, obtained macerating embryonic tissues (named also gemmoderivatives or embrioextracts) of trees and plants, as buds, young sprouts, and young roots (Amaral et al. 2004; Rates 2001) . In the European Community these botanical remedies are classified as plant food supplements (Calixto 2000; Gulati and Berry Ottaway 2006; Knoss and Chinou 2012; Konik et al. 2011; Dell'Agli et al. 2013) .
The raw material is fresh, usually taken in the late Winter or/and in the early Spring, at the peak time of the tree or shrub's annual germination, in order to capture the different nutrients, vitamins, plant hormones and enzymes that are released during this process, and which in some cases are only present in the plant at this time (i.e. plant hormones: auxins, gibberellins, cytokines, ethylene, abscisic acid) (Espín et al. 2007; Scalbert et al. 2005; Bosco et al. 2013 ). The quality of these preparations can be defined by the genotype of the considered species and varieties, the environmental characteristics of the sampling-sites, the phenological stage of the buds and the applied agrotechniques (Donno et al. 2014a, b; Vegvari et al. 2008; Dvaranauskait_ e et al. 2009 ).
There are some methods to prepare the extracts of plant embryonic tissues, usually as Glyceric Macerates (GM) or as Mother Tinctures (MT), macerating the whole embryonic tissues in a mixture of water/glycerine/ethanol (96%) and water/ethanol (96%), respectively.
Nowadays these products are still poorly studied, even if the use of buds for healthy purposes is very ancient and gemmotherapy, a fast emerging branch of complementary medicine, is presently undergoing considerable development on the market (Fowler 2006; Gurib-Fakim 2006; Cordell 2011; Donno et al. 2012 ).
Because of the increasing interest in these economicallyvaluable products, there is a demand for an efficient quality control to ensure the authenticity of their botanical source and content in order to avoid mislabelling and frauds (Chandra et al. 2001; Donno et al. 2013 Donno et al. , 2016 . Relevant cases of substitutions, changes or adulterations are reported (Kesting et al. 2010; Nicoletti 2012) .
Since a quality control tool should be simple, viable, comprehensible and low cost, a comprehensive spectroscopic fingerprint method has been proposed without a chromatographic separation of the phytocomplexes. Even if a non-selective qualitative tool is not exhaustive (Marston 2007) , it is non-destructive, inexpensive and timesaving (Lian et al. 2004; Ovalle-Magallanes et al. 2013) .
Thus this study proposes a high speed and easy-to-use shortcut based on UV-VIS spectroscopy and chemometrics recently proposed by some of the authors (Boggia et al. 2013) in order to highlight different spectral trends depending on the different botanical origin of the extracts and to evaluate its ability to quickly screen the possible adulteration of gemmoderivatives with adult parts derivatives of the same plant species too. In addition, a fluorimetric fingerprint has been proposed in order to check the results (Reid et al. 2006; Sadeckà and Tòthovà 2007) .
Thus the samples were described by a vector of UV-VIS absorbance or Fluorescence emissions, which can be considered as multivariate non-targeted signals of the corresponding sample. The analysis of the spectral data was performed using Principal Component Analysis (PCA), as unsupervised patter recognition technique in order to extract useful analytical information, to group the samples with similar characteristics and to perform a dimensionality reduction using a limited number of significant PCs as new variables to describe the samples (Donno et al. 2014b; Gad et al. 2013; Zhu et al. 2014) . PCA has been preferred respect to other unsupervised pattern recognition techniques such as clustering, since it allows not only to identify small subsets of similar samples, but also to perform a dimensionality reduction of the data set by projecting the original high-dimensional data into the low-dimensional linear subspace spanned by the leading eigenvectors of the data's covariance matrix. It is a way to compress a set of signals (i.e. spectroscopic fingerprints) allowing to subsequently use a limited number of significant PCs as new variables to describe the samples. The final goal was to authenticate this new category of plant food supplements using mathematical models, built with the measured spectroscopic variables, in order to verify the trueness of what declared on their label. The chemometric techniques that built such models are the class modeling techniques (CMTs) (Esteban-Díez et al. 2007; Marini et al. 2006) . CMTs allow to model each class separately whose bounderies separate a particular class from the rest of the hyperspace (Oliveri and Downey 2012) . Then two of the most commonly used classmodeling tools in chemometrics (Massart et al. 1998) were investigated: UNEQ (unequal class space) and SIMCA (soft independent modelling of class analogy) in order to build a model of the studied categories (i.e. ''embryonic phenological stage'' category or ''adult phenological stage category''). The two different class-modelling techniques (SIMCA, UNEQ) have been used to evaluate and compare their performances in highlighting the differences between gemmoderivatives and extracts coming from plants in adult phenological stage. Models were evaluated on a separate validation sample set (external evaluation set). UNEQ and SIMCA are probabilistic and distance-based modelling techniques, respectively. Both UNEQ and SIMCA techniques consider each class separately.
UNEQ is the modelling version of Quadratic Discriminant Analysis (QDA) proposed by Derde and Massart (1986) . It is based on the assumption of multivariate normality for each class population and each class model is represented by the class centroid and the category space is defined on the basis of the Mahalanobis distance from this barycenter, corresponding to a desired confidence level. In the present paper, the class spaces have been built as the 95% confidence level hyperellipsoids around each centroid. With respect to SIMCA, UNEQ requires the data matrix to present a specific ratio between the number of samples and the number of variables in each category (N samples / N vars [ 3) so a variable reduction step was necessary. PCA has been used to reduce the number of variables: a limited number of significant PCs scores have been used as new variables to describe the samples.
SIMCA is a powerful distance-based method introduced by Wold and Sjöström in 1977 . SIMCA models are based on PCs, which are, by definition, the orthogonal directions of maximum variance in a multivariate data space; boundaries of the SIMCA models are determined by a critical distance obtained using Fisher statistics (Wold and Sjöström 1977) .
The extracts characterization was performed monitoring the chain production from harvesting to packaging of eight different vegetable species. The eight different vegetable extracts at different phenological stages were initially studied (first set of samples numbered 1-23 in Both embryonic and adult parts were used fresh to prepare herbal preparations. MT and GM were prepared according to the European Pharmacopoeia 8th edition (Pharmaciens 1965) , following the procedure deriving from the French Pharmacopoeia.
Chemicals
All chemicals were purchased from Sigma-Aldrich (Steinheim, Germany) and from VVR Chemicals. High purity water produced (HPW) with Millipore Milli-Q system was used throughout.
Samples
A first group of samples (Table 1 : samples numbered from 1 to 23), containing the same plant materials at different phenological stages, was prepared using the protocol of Mother Tinctures (MT) in ethanol 96% v/v with a 1:10 ratio between plant and solvent. Briefly, for each fresh plant species, about 1 kg of stuff was treated, and the amount of solvent was added so as to obtain a weight ratio of 1:10 between plant and solvent (water/ethanol). Bioactive compounds were extracted through a cold maceration process for 21 days, in 60/40 (by weight) water/ethanol (96%), followed by a first filtration (Whatman filter paper, hardened ashless circles, 185 mm diameter), a manual pressing and, after 2 days of decanting, a second filtration (Whatman filter paper, hardened ashless circles, 185 mm diameter). The samples were stored in dark bottles at normal atmosphere (N.A.), at 4°C and 95% relative humidity until analysis.
Later, in order to verify the proposed strategy also on samples prepared using the protocol of Glyceric Macerates (GMs), the study was focalized on the following three vegetable species: Ribes nigrum, Tilia tomentosa, Vitis vinifera spp. Concerning them, the study was enlarged to a second group of samples (Table 1: samples numbered from 24 to 35): a part prepared by the authors using the protocol of Glyceric Macerates (GMs) and another part taken by trade (both GMs and MTs). The GMs protocol is analogous to the one described for MTs, but the extraction solvent is a mixture of water/glycerol/ethanol (50/30/20 by weight) and it was adjusted so as to obtain a weight ratio of 1:20 between plant and solvent.
UV-VIS and Fluorescence spectroscopy
Absorption spectra in the ultraviolet and visible regions were recorded in the range 190-1100 nm using an Agilent 8453 spectrophotometer with 1 nm resolution. The cells were rectangular quartz cuvettes with 0.1 cm path length. Before being analysed, the samples were centrifuged at 5000 rpm for 15 min and diluted at a ratio of 1:10 with three different solvents: water, water: ethanol 60:40, and ethanol, respectively (codified in the final letter of the sample name as ''A'', ''M'' and ''E'' respectively). This was performed in order to check the spectral variations due to the change of solvent. For each sample the spectrum was collected at room temperature in duplicate and the results were averaged. The replicates were performed at two months away.
Conventional Fluorescence Spectroscopy, using a Shimadzu RF-5301PC spectrofluorophotometer, was performed exciting a sub-set of samples at a fixed wavelength kex (430 nm), and collecting the corresponding emission spectra (in the range 450-800 nm) (Sadeckà and Tòthovà 2007) . Measuring emission 20 nm beyond the excitation wavelength prevented Rayleigh scatter. Xenon lamp source was used for excitation, the acquisition interval and integration time were set to 1 nm and 0.1 s, respectively. The widths of both excitation and emission slit were set to 5 nm. The same dilution of the samples at the ratio of 1:10 with solvent was used to have the same samples preparation as before. Thus the traditional right angle fluorescence spectroscopic technique was applied. The total absorbance of samples has been always lower than 0.1 a.u. avoiding spectral distortions. Each sample was analyzed in triplicates, and the results were reported as mean values.
Multivariate analysis
The multivariate repeatability of the spectra was preliminarily checked by replicating twice at a distance of time the UV-VIS analysis of at least one sample for each vegetable extracts (Table 1 : samples marked with an letter ''a'') and analyzing the score plot obtained by Principal Component Analysis (PCA) (Massart et al. 1998 ) on the autoscaled data as raw data and after 1st derivatization. In detail, the replicates were structured in a data matrix, namely matrix R 22,571 , with 22 rows (the 11 replicate samples) and 571 columns (variables: the absorbances at different wavelengths in the range 230-800 nm since the two intervals 190-230 nm and 800-1100 nm were preliminary removed since the signals were saturated or without interesting absorptions respectively).
Then the UV-VIS spectra were acquired for the first twenty-three MTs of Table 1 (samples numbered from 1 to 23) each diluted in the three different solvents (water, water: ethanol 60:40, and ethanol) for a total of 69 samples plus the 11 replicates. They were organized into a datamatrix named A 80,571 : consisting in how many rows as the number of samples (80) and how many columns as the recorded absorbance (the 571 absorbances at different wavelengths in the range 230-800 nm).
Then PCA was performed as unsupervised patter recognition technique both on the original spectral data matrix (A 80,571 ) and on the corresponding 1st derivatives respectively (D 80,571 ). In every case the data were previously divided into two sets: training set and external test set. The objects of the external set are about the 10% of the total ones, excluding replicates; they were selected by Kennard-Stone algorithm (Kennard and Stone 1969) . Thus the PCA was performed on the training set and the samples of the test set were projected onto the PCA hyperplane calculated for the training data.
Then with the aim of both classifying samples on the basis of their phenological stage (i.e. ''embryonic phenological stage'' class or ''adult phenological stage'' class) and defining statistical models capable of determining the authenticity of unknown samples, two class-modelling techniques were performed: UNEQ and SIMCA respectively.
For each class, UNEQ defines the mathematical model and the category space around it as the confidence hyperellipsoid of the category, according to the Mahalanobis distance from the centroid. Confidence intervals can be built at different levels of significance; in this study a 95% level of confidence was considered. Since UNEQ can be used only with well-defined data matrixes, i.e., those having a high ratio between number of objects and number of variables inside each category, the scores on the first eight PCs were used as descriptive variables (Oliveri et al. 2011) .
Then Soft independent modeling of class analogy (SIMCA) was applied to the original data sets. This method builds class models based on PCA. The models are defined by the range of the scores on a selected number of the first components (in this study the number of components was set to 5). Therefore the models are hyper-parallelepipeds referred to as the multidimensional boxes of the SIMCA inner space. The other dimensions are the outer space, the space of noise. An object is accepted by a model when its distance from the model is less than a critical distance, defined by means of Fisher statistics. Nonerror-rate (the percentage of correctly classified objects), sensitivity (the nonerror-rate for a class), and specificity (the percentage of objects of other classes rejected by the class model under study) of the obtained models are the criteria used to measure the classification and the modeling performances. An internal cross-validation procedure with five cancellation groups (5CV) and an external validation procedure, using an external test set were always applied. The external test set was again selected by Kennard-Stone algorithm. By this algorithm, the objects having the largest distance in the multivariate space were assigned to the test set in order to have a severe validation of the classification rules.
Later the attention was focused on the following three plant species: Ribes nigrum, Tilia tomentosa, Vitis vinifera spp. expanding the study also to other samples (Table 1: second group of samples numbered 24-35) and acquiring both the UV-VIS spectra and the Fluorescence ones. In detail, the 23 extracts of these three species (Table 1: samples 8-12 and samples 18-35), after ethanol dilution (ratio 1:10), were described both by UV-VIS fingerprints (range 230-800 nm: 571 absorbances) and by fluorescence fingerprints (i.e. the 351 corresponding emissions in the range 450-800 nm). The UV-VIS spectral data and the Fluorescence spectral data were structured in the following two data matrices: T 23,571 and F 23,351 respectively and PCA was performed as already described.
Multivariate statistical analysis was performed using the R-based chemometric software of the Italian chemometrics society and the V-PARVUS 2008 software (Forina et al. 2008) .
Results and discussion Looking at Fig. 1 , it can be clearly seen that the spectra of the different vegetable species are different. This highlights as the pattern of absorbances in the UV-VIS region is strictly connected with the botanical origin of the plants. On the contrary, for each botanical specie the spectral variations due to the change of solvent, in which the samples were diluted, are practically influent respect to the differences due to the phenological stage of each plant, as shown in Fig. 1 . Concerning embryonic stage both the quiescent buds and the young sprouts, when present, were taken into account respectively, besides the buds. Concerning Vitis vinifera (Fig. 1 ) is important to underline that two different adult parts of the plant have been taken into account: leaves (blue line) and stalks (blue dotted line) respectively. It is evident that the two different extracts of adult parts give origin to different spectral profiles and that both profiles are different from those of the buds (leaf buds).
In other words for each vegetable species the same plant part at different phenological stages have different spectral patterns, especially after removing two intervals: 190-230 and 800-1100 nm in which the signal was saturated or without interesting absorptions respectively. In particular it is evident as the region around 670 nm is typical of the adult stage and always lacks in the meristematic stages. This is more evident analysing the corresponding spectra in the 1st derivatives as highlighted for Tilia tomentosa, taken as an example, in the lower right corner of Fig. 1 . This small region seems to be peculiar of the leaf adult stage and probably corresponds to absorptions of chlorophylls, which are recognized to be almost absent or present in low amount in the leaf buds (Mishra and Mahananda 2013) .
However it was not possible to exclude a priori the presence of informative features along the whole spectrum of each sample, since the differences among the samples may cause very slight spectral modifications. Thus the analytical information contained in each spectrum was taken into account as a multivariate fingerprint, then PCA and class-modelling techniques were performed to explore and to classify the data set.
The multivariate repeatability for the spectral fingerprints was preliminarily checked by PCA on the autoscaled data matrix R 22,571 with 22 rows (the 11 replicate samples) and 571 columns (variables: the absorbances at different wavelengths in the range 230-800. The results are summarized in Fig. 2a, b for the R 22,571 data matrix before and after derivatization (1st derivatives) respectively. As Fig. 2a, b shows, the multivariate repeatability is really good since the scores of each replicate are quite close between them on the first two PCs, accounting for 94 and Fig. 1 The UV-VIS spectral profiles of Acer pseudoplatanus, Aesculus hippocastanum, Fagus sylvatica, Ribes nigrum, Rosa canina, Salix caprea, Tilia tomentosa, Vitis vinifera spp. diluted with three different solvents: water, water:ethanol 60:40, and ethanol, respectively (codified in the final letter of the sample name as ''A'', ''M'' and ''E'' 129 respectively) at different phenological stages (blue adult stage; green embryonic stage). Concerning embryonic stage both the quiescent buds and the young sprouts, when present, were taken into account besides the buds. Concerning adult stage only for Vitis vinifera spp. two different adult parts of the plant have been taken into account: leaves (blue line) and stalks (blue dotted line) respectively. In the lower right corner there is the corresponding firstorder derivative spectrum for the Tilia tomentosa spp (color figure online) c Fig. 2 The PC1-PC2 scores plot of the UV-VIS absorbances data matrix R 22,571 (a) and after 1st order derivatization (b) (embryonic stage: green samples; adult stage: blue samples). The PC1-PC2 scores plot of the UV-VIS absorbances data matrix A 80,571 (c) and after 1st order derivatization D 80,571 (e) (embryonic stage: green samples; adult stage: blue samples) calculated using the 73 training set samples and the corresponding plot obtained projecting the external test set (7 samples highlighted in red and coded according Table 1 ) respectively (d, f) (color figure online) 50% of the total variance before and after the 1st derivatization of the data respectively.
Concerning the original data set A 80,571 , it was divided in two subsets by Kennard-Stone algorithm to build the chemometric rules (training set: 73 objects) and the other one was used to validate them (external test set: 7 objects, representing about the 10% of the objects excluding replicates). In details, the 7 samples of the test set were projected onto the PCA hyperplane calculated for the training data. The sample scores (of the 73 samples) on PCs 1 and 2-that explain 83% of total variance-are shown in the corresponding plot as far as training set is concerned (Fig. 2c) . Figure 2d shows the results obtained projecting the test set objects (7 samples) onto the PC1-PC2 plot previously calculated using the training set. A satisfactory separation among the embryonic extracts (buds and young sprouts) and the adult ones is achieved on the first two PCs.
As far as the 1st derivatives matrix D 80,571 is concerned, the PCA results (of the training and test set) are quite improved and they are displayed in Fig. 2e , f respectively without and with the test set by the sample scores on PCs 1 and 2-that explain 41% of total variance. There is a very good separation between adult and meristematic tissues extracts for each species. In particular PC1 is mainly responsible for separation between adult and young phenological stages; the spectral variables having greater importance (loading value) on this PC are represented by the regions around 600-700 nm and around 450 nm. On the other hand, PC2 seems mainly responsible for the separation among the different vegetable species and the spectral variables more involved are located at lower wavelenghts (UV region). Then two class-modelling techniques were performed (UNEQ and SIMCA) with the aim of both classifying samples on the basis of their phenological stage (i.e. ''embryonic phenological stage'' class or ''adult phenological stage'' class) and defining statistical models. The results are summarized in Fig. 3 , where validation parameters and Coomans plots are respectively reported. In details, internal and external prediction rate, sensitivity (the percentage of objects of the studied category accepted by the model) and specificity (the percentage of objects of other category rejected by the model of the class being modelled) were computed to evaluate the models performance. Looking at the class-modelling results both UNEQ and SIMCA give satisfactory results: all test set objects are correctly predicted (external prediction rate); the SIMCA model has a better efficiency than the UNEQ one. Looking at the class modelling results it can be seen that sometimes the external prediction results are slightly more optimistic respect to that one provided by both the calibration and the internal evaluation sets, as already reported in literature (Casale et al. 2012) . Since it depends how the KennardStone algorithm chooses the external test set (see red objects of Fig. 2d, f) . Sometimes the objects belonging to the three sets (calibration, internal and external evaluation sets) are not so distant one from each other. Thus, randomly, the algorithm can provide a slightly more optimistic prediction respect to that one provided by the other sets.
A comparison of the results of these two modeling approaches reveal that UNEQ has a greater sensitivity, this means fewer false positive results, while SIMCA has greater specificity, this means fewer false negative results.
In order to verify if the proposed procedure could be useful for the detection of adult/embryonic extracts also in samples obtained using the protocol of Glyceric Macerates (GMs), the study was focused on the following three species: Ribes nigrum, Tilia tomentosa and Vitis vinifera enlarging the study to a second group of samples. Besides the samples already mentioned (Table 1: samples 8-12 and 18-23), the homemade GMs and the commercial samples (GMs and MTs) numbered from 24 to 35 in Table 1 were also taken into account. All the 23 samples were diluted just in ethanol, since, as already mentioned, not significant variations were detected using the other dilution solvents, such as water and water:ethanol 60:40.
The 23 UV-VIS spectra were recorded as above and structured in the T 23,571 data matrix. Figure 4 reports the scores plot (PC1/PC2) obtained by the PCA on the autoscaled 1st derivatives of this data set. Analyzing these results it is evident that the behavior of these samples is consistent with the previous results, independently from the extraction protocol. In fact PC1 is able to discriminate between the two phenological stages apart from two embryonic commercial samples (namely TTCND and VVBMG). More in details, the commercial sample of Tilia tomentosa GM named TTCND has scores on the first two PCs in the middle among the adult and the embryonic extracts of Tilia tomentosa, while the commercial sample of Vitis vinifera GM named VVBMG has scores quite close to those of the corresponding samples in adult stage.
In order to check the UV-VIS results, fluorescence fingerprints for these same 23 samples were collected and structured in the F 23,351 data matrix (i.e. the corresponding emission spectra in the range 450-800 nm obtained as reported above).
Figure 5a-c reports: the fluorescence spectra, the corresponding PC1/PC2 scores plots obtained by the PCA on the autoscaled data before and after derivatization respectively. The fluorescence results confirm the previous UV-VIS ones: PC1 primarily discriminates between the two different phenological stages.
Nevertheless, as far as the already mentioned commercial embryonic samples named TTCND and VVBMG are concerned, their scores are again slightly moved towards the adult samples. This is evident on the third principal component (PC3) whose projections are highlighted in Fig. 5d together with the PC1/PC2 ones. Thus for these two commercial samples further analysis should be necessary in order to evade the suspect of a non-declared mixing of adult and embryonic extracts.
Conclusion
A quality control of plant-derived preparations is urgently needed in order to avoid mislabelling and frauds. Methods based on the characterization of the phytocomplex of herbal products, despite their high level of accuracy and specificity, are often expensive and time consuming for industry.
In this contest the present study provides an analytical shortcut based on UV-VIS-Fluorescence spectroscopy coupled to unsupervised (i.e. PCA) and supervised (i.e. class-modelling) pattern recognition techniques for a rapid identification of plants extracts coming from meristematic tissues, whose limited productions could lead to adulterations with adult parts derivatives or even with undeclared vegetable species. The overall results demonstrate that the UV-VIS-Fluorescence absorptions of an extract, coming from a given plant tissue of a given species, are useful in the identification of both the plant species and its tissues. These absorptions are strictly correlated to the whole phytocomplex, which is genetically determined and whose molecules are able to absorb in this spectral range.
Thus the non-specific analytical procedure reported in this study may allow to detect suspicious samples, that deserve further investigations, avoiding to extensively analyse a large number of samples with the promising prospect for analysts to directly address the difficult problems in quality control of complex herbal products, in particular for composition assessment and fraud detection.
